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Abstract: Both the reduction in operating and maintenance (O&M) costs and improved reliability
have become top priorities in wind turbine maintenance strategies. O&M costs typically account for
20% to 25% of the total levelized cost of electricity (LCOE) of current wind power systems. This paper
provides a general review of the state of the art of research conducted on wind farm maintenance in
recent years. It shows the new methods and techniques, focusing on trends and future challenges.
In addition to this, this work includes a review of the following items: (i) operation and maintenance,
(ii) failure rate, (iii) reliability, (iv) condition monitoring, (v) maintenance strategies, (vi) maintenance
and life cycle and (vii) maintenance optimization As for offshore wind turbines, it is crucial to limit
the maximum faults, since the maintenance of these wind farms is more complex both technically
and logistically. Research into wind farm maintenance increased by 87% between 2007 and 2019,
with more than 38,000 papers (Scopus) including “wind energy” as the main topic and some keywords
related to O&M costs. The LCOE in onshore wind projects has decreased by 45%, while in offshore
projects it has decreased by 28%. The O&M costs of onshore wind projects fell 52%, while in the
case of offshore projects, they have declined 45%. Thus, the results obtained in this paper suggest
that there is a change in research on wind farm operation and maintenance, as in recent years,
scientific interest in failure has been increasing, while interest in the various techniques of wind farm
maintenance and operation has been decreasing.
Keywords: wind energy; new tendencies; review; maintenance; optimization
1. Introduction
Renewable energies have become the greatest ally for the generation of electrical
energy worldwide that is free of CO2 emissions. In the first quarter (Q1) of 2020, renew-
able energies reached a worldwide share of electricity generation of nearly 28%, i.e., an in-
crease of 2% compared to Q1 2019. Even with the outbreak of the COVID-19 pandemic,
total global renewable electricity generation was estimated to increase by almost 5% in
2020 [1]. Taking into account that hydroelectric technology was developed throughout
the 20th century, wind power is, among the current technologies for generating electrical
energy from renewable sources, the most widely implemented renewable energy around
the world. In 2018 (currently the last consolidated year, 31 December 2020), wind power
had an installed capacity of more than 560 GW, assuming a worldwide production of more
than 1.2 million GWh (Table 1).
On the other hand, a simple query in Scopus on the number of articles including
“wind energy” in the title, abstract or keywords (Table 1) shows that there are more than
28,000 articles in the Scopus database going back to 2008 (data collected in November 2020).
This result means an average annual scientific production related to wind energy of more
than 2000 articles (Scopus).
The levelized cost of energy (LCOE) is the primary metric for describing and compar-
ing the underlying economics of power projects (Figure 1). For wind power, the LCOE
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represents the sum of all costs of a fully operational wind power system over the lifetime
of the project with financial flows discounted to a common year. The principal components
of the LCOE of wind power systems include capital costs, operation and maintenance costs
and the expected annual energy production [2]. Assessing the cost of a wind power system
requires a careful evaluation of all of these components over the life of the project [3].
The capital costs, which account for 10–15% of the total project cost, include all expenses
incurred in the purchase of land, buildings, construction and equipment. Equipment is
worth between 70% and 80% of the total project cost, mainly due to the cost of the turbine.
Construction is worth around 5% to 20% of the total project investment. The operation and
maintenance (O&M) cost is the cost associated with the operation and maintenance of a
wind farm.
Table 1. Wind energy data (data collected from [1] and Scopus database).
Measure
Year
2008 2010 2012 2014 2016 2018
Capacity (MW) 1.20 × 105 1.81 × 105 2.67 × 105 3.49 × 105 4.67 × 105 5.63 × 105
Production (GWh) 2.18 × 105 3.43 × 105 5.26 × 105 7.13 × 105 9.56 × 105 1.26 × 105
Number of Articles in Scopus 1014 1558 2255 2448 2597 3167
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The fixed and variable O&M costs are a significant part of the overall LCOE of
wind power. O&M costs can account for between 11% and 30% of onshore wind LCOE,
and typically account for 20% to 25% of the total LCOE of current wind power systems [3–5].
When, years ago, wind farm promoters signed full O&M contracts with manufacturers
of wind turbines, they trusted that technologists would provide the highest level of de-
velopment in the maintenance of their installations. Time has shown that in most cases
this has not happened and that gradually the owners of the installations have been losing
responsiveness and knowledge of their own facilities, while perceiving that the interests
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of the technologist had more relevance than the park and its owners. For this reason,
in recent times, the O&M of wind farms has resulted in different concepts, which some-
times were not the most appropriate depending on the casuistry and the owners of the
installations [6]. Currently, there is no clear procedure showing researchers new research
fields to which to devote their attention [7–10]. Accidents involving wind turbines increase
year by year, which is why the cost of manufacturing, logistics, installation, grid control
and maintenance of offshore wind turbines remains high [11]. For decades, much effort
has been made in developing wind turbine condition-monitoring systems and inventing
dedicated condition-monitoring technologies. However, the high cost and the various
capability limitations of available achievements have delayed their extensive use [12].
A considerable percentage of the maintenance cost is caused by unexpected drive train
failures [13]. Today, the availability of wind turbines usually approaches 98% [14].
Taking into account the relevance that wind energy has acquired throughout the 21st
century in terms of scientific interest, as well as the influence that O&M costs have on
the determination of the LCOE of the technology, the subject of this study is based on
the maintenance of wind farms. The first objective of this paper is to offer an overview
of the research from 2007 to 2020 on the maintenance of wind farms and equipment in
wind farms, both onshore and offshore. Taking into account the scientific interest in this
line of work, previous articles analyzed general wind energy research [15], as well as
wind energy operation and maintenance [6], but only focused on the period until 2012. In
addition, there are also articles that have analyzed the influence that new O&M techniques
have on the reduction of LCOE in offshore wind farms [16]. The second objective is to
analyze the influence of such research on the different costs of wind energy in recent years
(2007–2020), as well as on the LCOE and O&M cost evolution.
2. Materials and Method
To achieve the review of the research carried out on the maintenance of wind farms
from 2007 to 2020, it is necessary to identify the different fields of O&M cost that are going
to be studied. The definition of each group of variables is included below.
1. Operation and maintenance of wind farms (O&M): The term “operation and mainte-
nance” is studied as a variable in itself, since it appears as a generic keyword in the
research conducted.
2. Failure rate and analysis (FAIL): Investigations involving issues related to equipment
failures are included in this variable.
3. Reliability (RELI): Reliability, availability and maintainability are attributes of the
design of systems that have a significant impact on the maintenance of a devel-
oped system.
4. Condition-monitoring system (C_M): This variable is the grouping of research that deals
with condition monitoring. This tool searches the processes of monitoring a condition
parameter in machinery, in order to identify a significant change that is indicative of a
fault developing. It is an important component of predictive maintenance.
5. Maintenance strategies (M_STRA): A maintenance strategy defines the rules for the
sequence of planned maintenance work; therefore, the different types of maintenance
under investigation are grouped in this variable.
6. Maintenance and life cycle cost (M_COST): Research covering topics related to equip-
ment costs are taken into account in this variable.
7. Maintenance optimization (M_OPT): A variable that meets the keywords “optimiza-
tion and maintenance processes”.
To facilitate the study of these fields of O&M cost (Figure 2), a group of keywords is
defined for each field (Table 2). It should be noted that several experts, with more than
20 years of professional experience, helped the authors to identify the most important key-
words and their grouping methodology. These experts are responsible for the maintenance
of several wind farms in the region of Galicia (Spain), affiliated with private companies.
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Subsequently, a search is carried out for the different keywords in the Scopus database.
The search in Scopus is done by searching for the topic “wind energy” and each keyword
in the title, abstract or keywords. A statistical study of the grouped variables is then
carried out. After this study, it will be possible to obtain conclusions on the most important
keywords in this area.
3. Overview of Wind Farm O&M Research
3.1. Operation and Maintenance (O&M) of Wind Farms
The reliability of wind energy systems is a critical factor because decreased reliability
directly affects the return string on account of increased costs of O&M, and it reduces the
availability of energy due to disruption of the functioning due to the occurrence of faults.
Most approaches to reduce operating and maintenance costs for wind power projects
are the same as those associated with any industrial plant, and any technique within the
framework of maintenance can be applied to wind turbines.
The most important issues [6] in the operation and maintenance of wind energy
concern the following aspects:
• site and seasonal asset disturbances
• stakeholder requirement trade-off
• reliability and asset deterioration challenges
• diagnostic, prognostic and information and communication technology applications
• maintenance optimization models
Wind farm maintenance directly determines its benefits, therefore, it is necessary
to analyze the typical wind generator failures and build their health management files.
Zhang et al. [7] investigated the location of the failure, development and trends, based on
wavelet transform of fault diagnosis. When a wind turbine is shut down due to an error,
profits are not obtained and, in addition, operational and maintenance costs are increased,
with the objective to reduce these operation and maintenance costs. Solutions have been
developed by condition monitoring [8] that detects and diagnoses anomalies of wind tur-
bines. The development of advanced techniques to detect the occurrence of mechanical
and electrical wind turbine failures at a sufficiently early stage [9] is very important for
maintenance actions. The challenges being faced in wind farm operation and maintenance,
with wind turbines dispersed and positioned in remote locations, have been very difficult
in terms of quick access and they are expensive.
In wind farms, there is a large amount of information and, on these grounds, the method-
ology of decision making using failure prognosis developed in [10] can be used to identify
the best strategies to increase the robustness of the wind farm operation and maintenance
in order to maximize economic and environmental benefits simultaneously.
The number of offshore wind farms is increasing due to, among other reasons,
their high capacity for power generation. However, the costs [11] of operation and mainte-
nance are high. According to the Condition Monitoring of Offshore Wind Turbines report
of the Energy Research Centre in the Netherlands, the operation and maintenance costs
in future offshore wind farms that will be built from larger units are expected to be EUR
30 to 50/kW per year. The integration of the health monitoring information provides the
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initial steps for reducing operation and maintenance costs for an offshore wind farm while
increasing turbine availability and overall profit. Detection strategies have been developed
by Myrent et al. [17] for these fault mechanisms with the intent of integrating them into
an operation and maintenance paradigm, and the integration of the health-monitoring
information provides the initial steps for reducing operation and maintenance costs in an
offshore wind farm while increasing turbine availability and overall profit.
The main studies are focused mainly on the operation and maintenance, but they also
have to cover offshore logistics, energy production and the total project cost. A study [18]
found 49 models that address parts of the life cycle or the entire life cycle of an offshore
wind farm. Tracht et al. [13] described an approach to the planning of parts considering the
constraints that exist in offshore maintenance, and this model proves to be the limiting fac-
tor influencing the costs of maintenance and operation using an analytical model scenario.
The difficulties of access to offshore wind farms and a shortage of appropriate transport
vessels and installations are challenging [12] the operation and maintenance of these farms
in these remote places, and research is beginning to develop a methodology [19] for the
reliability-centered maintenance of low-accessibility facilities.
3.2. Failure Rate and Analysis (FAIL)
The technological development of wind energy has favored more complex processes,
so the failure rate of systems is increasing and a strategy to model reliability and optimize
the maintenance of wind power generation systems is needed. It is essential to deter-
mine and record the main underlying cause of failure events; data logging and statistical
processing of information failures [20] could improve the reliability of the system compo-
nents. For instance, the results of the failure statistics and evaluation of expert opinion [21]
were focused on the most critical subsystems with respect to the failure frequency and its
consequences: the gearbox, generator, electrical system and the hydraulic system.
Krishna [20] proposed a remote instrument monitoring system, which constitutes of a
wireless sensor network-based supervisory control and data acquisition (SCADA) system,
with multiple sets of sensors distributed widely across each turbine in the wind farm.
This not only helps to monitor the health of the turbines but also helps to take preventive
action before critical and catastrophic failures take place.
Kusiak and Li [8] explored the data failure provided by supervisory control and data
acquisition and provided failure prediction at three levels: failure and no failure prediction,
severity and prediction of a specific failure. For each level, emerging failures were expected
between 5 and 60 min before they occurred and several data mining algorithms were
applied to develop predictive models of failures.
Modern onshore wind turbines achieve a high availability of 95–99%. However, these val-
ues only give information from the time that wind turbines are in operation and the en-
ergy produced was not considered when compared to its theoretical production and the
availability based on energy availability differs when it is based on time. To investigate
this difference, Faulstich et al. [21] examined the effect of speed failure rates depending
on wind energy production by the analysis of turbines subjected to different wind speeds
to determine the the energy loss due to the downtime of the turbine. Furthermore, an-
other study [22] determined that failures are classified into three classes according to
downtime; the gearbox and the generator have the same amount of downtime, while the
highest numbers of failures are in the pitch and the electrical system. In this paper, a dis-
crete event model was developed to simulate the operation, the occurrence of failures
and the maintenance of onshore wind farms. To reduce these downtimes of the gearbox,
some works [23] performed a prognostic of its failures by utilizing robust multivariate
statistical techniques with existing SCADA data on wind farms.
Li et al. [24] took a doubly fed generator and, based on the mathematical model
of the Markov process and the theory of reliability, built a model of reliability for wind
power generation. Haddad et al. [25] developed model maintenance options, developing a
hybrid methodology based on Monte Carlo simulations and decision trees for a cost–benefit–
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risk analysis of prognostics and health management. The methodologies in this paper
address the fundamental objective of system maintenance with prognostics: to maximize
the use of the remaining useful life while concurrently minimizing the risk of failure,
showing the value of having a prognostics system for gearboxes and determining the value
of waiting to perform maintenance.
Mechanical failures of wind turbines represent a significant cost in terms of both
repairs and downtime. In this sense, Lu et al. [26] proposed a Hilbert–Huang transform
(HHT)-based algorithm to effectively extract fault signatures from generator current signals
for wind turbine fault diagnosis.
Hameed et al. [27] sought to open a new panorama of knowledge in understanding
the actual behavior of offshore wind turbines in the marine environment and proposed the
creation of a database to help with design to operation.
Finally, Amirat et al. [28] provided an assessment of the failure detection techniques
based on the homopolar current component of the generator stator.
On the other hand, electrical systems are responsible for more failures [29] than
mechanical or structural systems in offshore wind turbines, but they are comparatively easy
to repair. However, it is important to reduce the failure rate and improve the maintainability
of the electric systems. The downtime of an offshore wind turbine is very important in the
event of a failure, and this results in losses in electricity generation and revenue, so different
topologies are evaluated, including a comparison between AC and DC star networks.
In this sense, star topologies are suggested by Ho and Ran [30] for a secure connection and
to centralize power electronics, which have high failure rates, making them more accessible
for maintenance and repair.
Finally, it also follows from the analysis of operation and maintenance that weather
conditions [31] may affect failure rates of offshore wind turbines. For the analysis of
maintenance and failure detection, different types of strategies can be applied, such as
neural network training [9,32], prognostics and health management systems [11] and
nonlinear state estimation techniques [33].
3.3. Reliability (RELI)
The reliability based on the characteristics of wind energy is the basic signature quality
of the wind turbine, so it is necessary to apply a proposal [27] to meet the same objectives;
technical reliabilities include design [34], manufacturing and maintenance. The most
reliable and sustainable [35] systems have a lower environmental impact and high energy
and exergy efficiency.
The enormous proliferation of wind farms around the world has emerged as an
alternative to traditional power generation and as a result of economic issues that require
control systems to [27] optimize the availability and benefits. Pinar et al. [36] classified
the main designs, focusing on reliability, to collect and compare data within a selection
of the most important studies of the literature. The results obtained by the application of
several studies indicate the importance of the technical availability factor [37] in annual
energy production.
Modern onshore wind turbines reach values of 95–99% availability. However, these val-
ues only give information from the time that wind turbines are operational and they do
not treat the energy produced compared to its theoretical production. This availability,
based on energy, differs from the availability based on time due to the fact that forced
inactivity times tend to occur during periods of high production potential. The objective of
the optimization model [38] is the combination of system maintenance costs and revenue
loss of wind energy, which is mainly limited by the reliability of power generation and
maximum load regulation adequacy. The proposed model is important to extend classical
scheduling maintenance [39] to include the expected market prices and weather conditions.
Faulstich et al. [21] examined the effect of failure rates depending on the wind speed on
energy production. Tavner et al. [31] focused on the influence of weather and wind turbines
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based on the failure rate and downtime, to try to understand the causes and consequences
of failure.
To assess the ability for system maintenance, system reliability is one of the key
performance indicators, for instance, in the work [40], Vensim software was applied for the
modeling of dynamic systems and software simulation with the objective of evaluating
and controlling reliability.
Wind turbine reliability analysis is based on the systemic approach of the wind turbine
subsystems, as their total reliability depends directly on the reliability of the subsystems.
The model used in [14] was a method for identifying likely causes of system failure
called fault tree analysis. Simplification of the energy generator units [41] keeps the
manufacturing and maintenance costs down and increases reliability. Bala et al. [29]
presented the approaches to achieve reliability at the component level and at the level of
electrical components. A model of the optimizing maintenance interval for the wind turbine
gearbox considering the profit maximization component per unit time is presented in [42].
Kostandyan and Sørensen [43] considered a failure mode with a corresponding limit state
in relation to estimating the reliability, considering failures, for example, due to a fault in an
electrical component or loss of grid. The potential benefits of simplifying multiple power
converters in each turbine, implying a saving cost, reduced losses and maintenance and
increased [44] reliability of the system, were analyzed, focusing on total energy extraction.
Additionally, due to the regulation of the electricity market, the distribution network
reliability becomes more and more important, and the test after installation or after repair
of failures significantly reduces the failure rate during normal operation. Putter and al. [45]
described the evolution of the very low frequency technology testing.
An intelligent alarm management system [46] for wind farms improves the wind
turbine reliability and would reduce downtime, increase availability and lead to a well-
organized maintenance program. A discrete event model was developed in [22] to simulate
the operation, the failure occurrence and wind turbine maintenance, with the goal of
determining the main factors influencing maintenance costs and the availability of the
turbines in the wind farm.
Qiao et al. [47] integrated a control platform based on the wind farm SCADA system
to assist the work of the farm as a predictable, controllable system and reliable, high-quality
generation was designed.
To increase maintenance efficiency and increase availability, ref. [48] used an example
of a failure in a gearbox after almost four years of operation and with nearly 7 weeks
of lost availability. The paper identifies research questions that could produce a better
maintenance regime for wind farms based on usage and remote condition monitoring.
Early detection of failures via condition monitoring can help [49] to prevent major failures
and significantly reduce associated costs. It also allows maintenance program optimization,
reduced downtime, increased availability of assets and improved safety and operational re-
liability.
The technology of the vertical axis wind turbine scale arose as a solution to reduce the
overall costs of the life cycle and improve profitability [50] and competitiveness with other
commercial technologies. However, durability and availability have always been the weak
points of this technology [51].
The concept of reliability-centered maintenance may constitute [21] the basis for the
development of quantitative models for maintenance or selection and optimization strat-
egy, but it can also provide an assessment to further improve turbine design. The amount
of information from SCADA systems for wind farms is enormous, so the use of neural
networks to cope with all the information and try to detect failures in some equipment at
an early stage [52] is a promising method. The training of the neural network represents
a major disadvantage, but if these problems are solved, the results are very interesting,
and failures can be detected several months [9] in advance. In this sense, with neural
networks [53], it was found that there were significant relationships between gearbox
failures and changing climatic conditions. Haddad et al. [54] have provided an optimiza-
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tion model based on real options and stochastic dynamic programming to maximize the
availability of an offshore wind farm with a capacity for prognosis. Real options theory
provides promising ways to address the economic aspects of prognostics and health man-
agement (PHM) after prognostic indication, and evaluation of the costs necessary to meet
the availability requirements.
When competitive pressures force asset managers to prioritize their maintenance,
the risk-based methodology presented by Bharadwaj et al. [55] is a rational, efficient and
somewhat flexible method for the integral management of assets. In this sense, Ref. [56]
presents the methodology of how Bayesian networks can be used to learn this model when
past data are available.
3.4. Condition-Monitoring System (CM)
As discussed in the previous sections, the technical availability of wind turbines
is high; however, this is due to fast and frequent maintenance, and not a good reliability
level and maintenance management. Failures in larger turbines are greater so the condition-
monitoring system will need to be improved [36] in order to improve the reliability of
the farms.
Usually, wind turbines are acquired through after-sales service contracts lasting be-
tween 2 and 5 years, which include guarantees and preventive and corrective maintenance
that could be adopted after the expiry of the contract period. However, severe unex-
pected failures can appear between scheduled maintenance intervals, resulting in the loss
of money, time and energy production. Moreover, maintenance due to the occurrence
of failures can lead to the catastrophic failure of critical components, producing severe
consequences for safety, health and the environment.
The increase in the technical availability of wind turbines has to go hand in hand with
a greater need for optimal maintenance. A condition-monitoring system could meet the
needs of the wind industry for better maintenance management and increased reliability.
The CM is considered as one of the best solutions for maintenance problems [57].
It presents a great economic benefit [58] compared to other maintenance strategies and
depending on the status of the CM. The CM is a widely used tool for failure detection [59],
which minimizes downtime by increasing the reliability of the equipment. This allow us to
observe the present state [60] of the wind turbine and send alarm signals. Alarm data re-
quire little storage [46] but provide rich information to the CM. With early failure detection,
major failures can be prevented [49] and associated costs reduced.
The condition-based maintenance enables the generation of more energy by reducing
failure rates [61] of the turbines, increasing availability. Different approaches to condition-
based maintenance [62] focus on induction machines and drive trains in offshore applica-
tions. With the use of control algorithms [63], generating units can be simplified in order
to reduce maintenance costs. Khattara et al. [64] developed a mathematical approach and
a program of a Pareto genetic algorithm to calculate the cost of installation and minimal
maintenance of a wind farm with minimal power loss during a fault.
The wealth of information and data that are in use during the operation of wind
farms in SCADA can be treated with a promising technique [52] based on the use of
neural networks, and can detect failures in equipment at an early stage. The treatment
development of SCADA data, research on the correlation of data coming from SCADA
and quantitatively assessing the state of wind turbines [12] are important for improving
the condition-monitoring systems. Data management and how these data [65] can help
make decisions, given the information they provide, are very important and very profitable
for maintenance.
Furthermore, a SCADA data clustering model was trained and evaluated for accuracy
through simulations, with the results showing that the proposed model [66] is able to
accurately detect the deterioration condition of a turbine. Tools that can be used in the CM
may be the data mining algorithms that are used to build models for predicting failures of
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wind turbines [67], improving the performance of statistical tools based on Kalman filter
models [57] and algorithms with manageable solutions [68] of dynamic decision making.
The gearboxes are the most expensive subsystem and are responsible for the most in-
activity, followed by drive trains [69], which are the biggest challenges for the CM and
offer greater opportunities for research. New research in gearboxes is being developed,
like in [33], and this is based on a new method of analysis using a CM temperature trend.
Another method of improving the CM is the use of several sensors [70] to analyze different
oil characteristics. Another method of oil condition monitoring is [71] based on a linear
variable filter (LVF) as a dispersive element in an infrared configuration. With the use of
singular spectrum analysis (SSA) [72], certain fluctuations in pressure in the hydraulic
brake circuit were found, which were correlated with failures in the gearbox, showing that
it is a new useful technique as an indicator of failure for maintenance.
Two components, the gearbox and the blades, are taken as study objects in [73] to
make a model of condition-based maintenance optimization, and a model is established
which is based on the semi-Markov decision process. The current CM is limited to detecting
deterioration in the coating of the blades in offshore parks, and another challenge is the
effective maintenance [74] of these protective coatings for blades in these wind turbines.
The gearbox and generator, by means of automated warnings based on continuous CM with
the analysis of vibration and acoustic emissions, were studied in a review [75]. A predictive
maintenance strategy can be achieved with continuous CM noise in real time, as found in
research [76]. The implementation of the diagnostic center for CM systems and diagnosis
systems [77] is an innovative automation vibration analysis concept in wind farms.
To assist the CM in failure detection in turbine equipment, research has been con-
ducted on neural networks [9] since failures can be detected months in advance. A tool for
informing decision-making forecasts [10] of failure in the operation and maintenance of
wind farms can be compared to maintenance strategies based on the condition. Prognos-
tic strategies and health management provide early detection of failure modes, reducing the
operation and maintenance costs for gearboxes [78]. This system was also used, by im-
plementing it as part of a model of Condition Based Maintenance (CBM) with intelligent
charging management research [17] of the effects of rotor imbalance and shear in a wind
turbine. Other research has developed the business model of O&M [79].
3.5. Maintenance Strategies (M_STRA)
The enormous proliferation of wind farms worldwide has emerged as an alternative
to traditional power generation and as a result of economic issues that require control
systems in order [32] to optimize the availability and benefits. Some research focuses
on finding the best maintenance strategy that minimizes the total cost and maximizes
annual energy produced by wind turbines [80]. Based on information inputs of wind farms,
developed decision making [10] can be used to identify the best strategies for maintenance
and operation. For wind farms, it is essential to implement automatic control and intelligent
routines to integrate them into power grid management. For instance, ref. [47] designed an
integrated monitoring and maintenance control platform.
It is important to have a description of the common failure modes, monitoring tech-
niques, diagnosis methods and an overview of the maintenance [62]. Once the parameters
are neglected [58], most of the available literature is about system performance condition
monitoring itself. As an example, in [49], online condition monitoring based on the volt-
ages and currents of a wind turbine system is investigated, and in [81], there is a focus on
strategies to follow in the maintenance cables of wind farms.
Improvements to maintenance strategies are being made, such as the proposal of a
model that extends the classical programming maintenance [39] to include the expected
market prices and weather conditions. Another paper [82] focuses on improving reliability-
centered maintenance, since it presents challenges that are considered to achieve the
optimal maintenance of turbines, reaching conclusions such as the need for improvements
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to staff training, the use of quantitative methods for decision support in maintenance and
an economic model of the organization of maintenance support.
As for predictive maintenance strategies, they can focus on the use of this type of
maintenance to optimize the operation of wind farms, illustrating [76] how this can be
achieved through real-time noise monitoring. Another optimization method for this type
of maintenance is the use of singular spectral analysis, with [72] showing that this new
technique is useful as a failure indicator in the predictive maintenance of wind farms. An-
other effective predictive maintenance strategy is based on an approach to risk analysis and
code coating [74] for the protection of marine turbine blades, which significantly reduces
maintenance costs for this type of park. The blades suffer various faults and replacement
will normally result in a long downtime. This downtime and these costs can be reduced,
and the maintenance strategy that achieves these goals is called proactive maintenance.
Nguyen et al. [83] presented an approach to optimize the proactive maintenance of offshore
wind turbine blades.
On the other hand, Douard et al. [84] presented a probabilistic approach to introduce
risk measurement indicators, and improved the ECUME tool to provide these indicators.
In this sense, an event model (based on Monte Carlo simulation) and the hidden Markov
model are introduced to model the evolution of meteorological and marine parameters and
assess the risk of inaccessibility. In other works, discrete event systems [61,85] are used
to develop a simulation model that mimics the maintenance operation of the wind farm
market size. Each turbine is treated as a separate module for a cost-effective maintenance
strategy and the design of a better quality [11] prognostic and health management system
was applied.
Another improvement is based on the mathematical model of the Markov process
and reliability theory [24] between reliability models for wind power generation is de-
veloped. Data mining is an innovative technique used to identify faults in various el-
ements of wind turbines, as in [86], where it predicts failures within 1.5 h beforehand.
Another promising technique is neural networks to [52] try to detect failures in some equip-
ment and improve maintenance strategies. Moreover, the number of failure predictions
is useful for planning reserves of the key components [87] for multiple devices running
simultaneously and optimizing the support strategy of rational maintenance.
Besnard et al. [88] presented a stochastic optimization model for opportunistic main-
tenance services of offshore wind farms; optimization is performed on a daily basis to
update maintenance planning based on current production and weather. Lin et al. [89]
developed a methodology to develop reduced-order models to support the operation and
maintenance of offshore wind turbines.
In [90], an opportunist policy is proposed, which is defined by three decision parame-
ters to coordinate the various maintenance activities and minimize the maintenance cost
rate, through a comparative study with the policy of corrective maintenance, and it shows
the advantage of the method of opportunistic maintenance work to significantly reduce
maintenance costs.
The development of advanced techniques to detect [9] the appearance of mechanical
and electrical failures of wind turbines at a sufficiently early stage is very important for
maintenance actions. Future maintenance strategies [21] provide the most relevant func-
tional failures and reveal their causes, to identify corrective measures to avoid breakdowns
as much as possible.
At the same time, future strategies for diagnosing faults are identified by a qualita-
tive fault tree analysis in [59]. Another maintenance strategy to consider is that which
takes into account research in which life cycle inventories of a conceptual offshore wind
farm are developed and assessed using a hybrid life cycle assessment methodology [91].
Besnard et al. [92] have presented an analysis of the transport strategy, a queuing model of
maintenance activities and an economic model of the maintenance support organization.
It is also important to analyze the degradation cycle costs, maintenance and life for
various coating systems [93,94] for offshore wind farms, and the maintenance of the blade
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as a whole [95]. The planning and scheduling of maintenance operations are decisive for
wind farm availability and a key component of the operational costs. A challenging real-
world application of integrated planning and scheduling is shown in [96], which formulates
this problem as a Planning Domain Definition Language (PDDL).
At present, the maintenance scheduling focuses on the field of optimization of a
single object, and [97] proposes a model of multi-objective optimization for maintenance
scheduling of a transmission network, with the aim to reduce maintenance costs and the
minimum expected energy that is not supplied, and the research developed a method
of interactive multi-objective decision making. Another improvement proposal [98] for
the maintenance schedule is a model that takes into account the peak regulation pressure
balance for a power system and to have a fair value, the proposed model is solved by a
genetic algorithm.
Gallo et al. [39] proposed a model that extends classical maintenance scheduling to
include forecasted market prices and weather conditions, and this proposed maintenance
schedule optimization occurs at a discounted cumulative profit of a wind generation
portfolio in a fixed-time horizon.
For generator maintenance scheduling of large-scale wind power [38] integration,
considering peak shaving and based on Benders decomposition, a model is divided into
two parts: the main problem and three sub-problems of decentralized coordination, and this
method is applied to the maintenance schedule for all generators in the test system.
Studies have proposed programming formulations for the problem of the optimization
of maintenance schedules, and the scheduling problem [99,100] is modeled and solved as a
mixed-integer linear program. Proposals for a generic wind power forecasting framework
without regional or temporal restriction also take into account [101] the effect of energy
lost in downtime imposed by scheduled maintenance and external disturbances.
3.6. Maintenance and Life Cycle Cost (M_COST)
The investment and maintenance costs are relatively insignificant [57,102] with re-
spect to the variables of excessive cost, fixed cost and capital cost of the conventional
generation system. However, according to [103], cost reduction remains necessary for
wind energy systems so that renewable energy systems can be competitive. According
to the Condition Monitoring of Offshore Wind Turbines report, the investment costs [11]
for future offshore wind farms built from larger units, costs are expected to be EUR 1.4 to
2.0 k/kW. The analysis of the maintenance costs of wind farms shows that up to 40% of the
investment is related [49] to unexpected component failures leading to unscheduled costly
modifications. The operation, maintenance and unscheduled interruption costs make great
targets for wind energy production [78] but are very risky.
The operation and maintenance have [36] an impact on the failure rates of wind tur-
bines. Many research works focus on finding the best maintenance strategy that minimizes
the total cost and maximizes annual energy produced by a turbine, and [80] takes into ac-
count the frequency of maintenance as a variable decision, keeping in mind that downtime
of a turbine is very important in an eventual failure, and results in a loss [30] of production
and income.
Since the maintenance is limited to appropriate time windows, there is a need for de-
cision support tools to ensure that maintenance is carried out in a timely manner, with min-
imal cost and minimal downtime. Butler et al. [104] have, to this end, a methodology for
the estimation of the remaining useful life of the main bearing of a wind turbine.
Offshore wind energy is identified as an emerging future energy growth technology,
so the operation and maintenance require major access methods. The economic viability
of offshore wind farms are subject to favorable wind conditions [105] compared to on-
shore farms, offsetting the additional installation and maintenance costs to a greater extent.
The most effective way to reduce costs would be to continuously control [106] the state of
the systems. This allows early detection of the health degeneration of the wind turbine.
Due to the large amount of information that this requires, the use of neural networks [52]
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to deal with all the information and try to detect failures in some equipment at an early
stage is a promising technique for cost reduction.
Wind turbine condition monitoring can significantly reduce [33] the wind farm mainte-
nance cost, especially offshore. However, the high cost and various capacity constraints [12]
of available developments have delayed its extensive use. The stochastic simulation model
constructed in [58] quantifies the added economic value of implementing a system for
condition monitoring of a gearbox.
There are proposals for programming models that extend classical maintenance [39]
to include the expected market prices and weather conditions. Other research stud-
ies show [107] the benefits of opportunistic maintenance to significantly reduce main-
tenance costs. The method of calculating the life cycle cost is used to study various
technologies and to select cost-effective concepts, such as in [50], which evaluates and
compares two types of vertical axis wind turbines. Carvalho et al. [108] estimated the
total maintenance cost of control device pitch, which is responsible for controlling the
turbine blades. Nielsen and Sørensen [109] carried out a generic case study, where the wind
turbine costs included in the model were assessed costs due to inspections, repairs and
production loss, and the costs were compared with two maintenance strategies, with and
without the inclusion of periodic inspections.
Su and Zhou [73] analyzed the inspection interval and maintenance cost under peri-
odic and no periodic inspections and they described optimal maintenance policies. The risk-
based methodology [55] presents a cost-effective manner to minimize life cycle costs in
asset management. The degradation, maintenance and life cycle costs for various offshore
coating systems [93] are important to analyze. A coating system with low maintenance [94]
is usually requires lower life cycle costs, despite higher costs for a new construction phase.
Research works were also carried out to reduce costs by developing predictive maintenance
strategies for protective coatings [74] of wind turbine blades. The optimization model
based on real options [54] provides promising ways to address the economic aspects of
prognostics and health management. Another model is based on artificial neural networks
that dynamically calculate the impact of operational conditions of the failures of wind
turbines [110].
A new approach that can be taken by industry is rethinking the design of the tur-
bines, and the way in which the wind turbine units could be simplified in order to re-
duce maintenance costs and increase the reliability of the system is described in [41,111].
Simplifying multiple power converters in each turbine would be [44] a possible benefit,
including cost savings, loss and maintenance reduction and increased system reliability,
however, Shafiee et al. [112] proposed an effective way to improve the reliability and avail-
ability of the converter system by adding at least one independent redundant converter in
offshore wind farms, which ensures that the system will work in case of a converter failure.
It can save a great deal of maintenance of offshore turbines with optimal [113] generator de-
signs, and the fixed-pitch fixed-speed induction generator-based wind turbine presents
low [114] maintenance costs in [115], and the results confirmed that the controllability of
the wind farm is increased using a rotor impedance control technique. As the generators
increase their power, their size and mass also grow, therefore, in offshore wind farms,
greater reliability is required in order to minimize maintenance costs, so that electrical
generators for a direct drive can be a reliable solution [116], since the gearbox is omitted.
Transformers, due to their large size and weight, are very expensive elements [117] and
complex in terms of maintenance.
3.7. Maintenance Optimization (M_OPT)
There are many types of analysis of maintenance optimization, but many of the re-
search works found are based on optimizing the maintenance of the equipment found inside
a wind turbine with different techniques, for example, the analysis of the inspection interval
and cost maintenance in gearboxes [73] to obtain optimal maintenance policies, and another
optimization method for gearbox maintenance is the given profit maximization [42] of
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each component per unit time. Studies are also carried out on power generation efficiency
analysis [44] connected to a single large power converter operated with variable frequen-
cies, considering wake effects. It is also important for maintenance optimization to have a
good detection [118] of nacelle anemometer faults in a wind farm, minimizing the uncer-
tainty. Another optimization is to braking system through the optimization of condition
monitoring, as proposed by Entezami et al. [49].
Maintenance optimization programs [99] are carried out using Matlab simulation
based on a deterministic optimization model [119] to define a maintenance strategy. The re-
search work results could provide opportunities for maintenance strategy optimization, as
proposed in [120], by using an artificial neural network.
Li et al. [24] proposed an optimization strategy based on the mathematical model of
the Markov process and the reliability theory of a reliability model set of wind power gener-
ation. The research work [121] aims to introduce the idea of a complete tool, using software
with condition monitoring data of wind turbines to anticipate component failure and it
proposes maintenance time and implementation strategies. The research work [10] uses
failure prognosis for the optimization of a decision-making methodology to identify the
best strategies and have a robust operation and maintenance of a wind turbine.
A state-based degradation model for opportunity-based maintenance in offshore
wind farms, using a gamma model [122] for the representation of the continuous degrada-
tion of components, features the chances of failure to be used in optimization.
Control optimization for the distribution of the fatigue of wind turbines in an offshore
wind farm on the basis of an intelligent [123] agent theory is a viable way to optimize the
distribution of fatigue in the farms, which will reduce the frequency of maintenance and
extend their life.
Transport optimization for offshore wind farms can be analyzed under transport strate-
gies [92], maintenance management and maintenance organization models. Rauer et al. [124]
present a forecasting model for parts of an offshore wind farm, and this strategy is used to
improve the availability and maintenance. Lost turbine availability is related to the failure
of a component, but also depends largely on access to the turbine, and in [125], a com-
putational approach based on probability calculations is developed, allowing estimates
to be made on very fast offshore access probabilities and expected delays. Furthermore,
Dinwoodie et al. [126] performed research on the modeling and prediction of wave height,
which is one of the key criteria for access to offshore wind farms, and this was done through
data mining.
The paper [127] presents an analysis of the windows of access to offshore wind farms
for performing maintenance on the coasts of Ireland and Portugal, concluding that the
implications of these low levels of access suggest that maintenance of power converter
waves on the west coast may not be feasible and devices must be brought ashore for
activities of O&M.
There are proposals to improve the maintenance of wind farms, such as opportunistic
maintenance policies [107], with which optimization of these tasks is intended. The re-
search work [80] aims to optimize maintenance by using the stochastic model, since wind
turbines have a more complex process of degradation than equipment working under sta-
tionary conditions. In [88] is presented a model of stochastic optimization for opportunistic
maintenance services based on a rolling horizon, that is, the optimization is performed on a
daily basis to update maintenance planning based on the production date and weather fore-
casts. The paper [54] provides an optimization model based on real options and stochastic
dynamic programming for maximizing the availability of an offshore wind farm.
The different types of tasks can be grouped, such as inspection, preventive mainte-
nance and travel costs from one wind turbine to another. To perform these tasks, a hy-
brid [128] approach to the use of block replacement policy and a condition-based model
has been adopted to leverage the strengths of each approach.
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4. Discussion
The aim of this section is to analyze the research evolution in both the different O&M
costs and the evolution of the LCOE of wind energy.
4.1. Maintenance Optimization (M_OPT)
As mentioned at the beginning of this article, more than 27,000 papers in the Scopus
database (around 43% of all papers in Table 1) include wind energy as the main topic
(data collected in November 2020). However, if the different fields of O&M costs are
analyzed, more than 38,000 papers exist that deal with wind energy and some of the
keywords of each group of variables (Table 2), as reflected in Figure 3. It should be noted
at this point that the same article can be counted in different groups, as it contains differ-
ent keywords. Taking into account the different groups (Figure 3), M_COST is the group
achieving the highest number of results, with more than 12,000 papers (approximately 30%).
C_M and M_OPT are positioned in second place, with more than 8000 results (approxi-
mately 20%) each. On the contrary, M_STRA and O&M are the groups with the lowest
number of results in the database, not reaching 600 results each (approximately 1.5%).
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Looking at each of the keyword groups (Table 2), in the O&M group (Figure 4a),
the most widely used keyword is “operation and maintenance”, which was included in
over 90 papers in 2019. In the FAIL group (Figure 4b), the most widely used keyword
is “failure”, with over 500 results by 2019.
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In the RELI group (Figure 4c), the most found keyword is “reliability”, with almost
600 results in 2019. In the group C_M (Figure 4d), the main keyword is “algorithms”,
which goes from approximately 100 results in the year 2007 to almost 1200 results in the
year 2019. The group M_STRA (Figure 4e) does not obtain remarkable results over this
period of time. The most outstanding keyword in this group is “maintenance strategies”,
exceeding 30 results in 2019. With regard to the group M_STRA (Figure 4f), the progression
of the keyword “costs” stands out, which grows throughout this period, exceeding 1100 re-
sults in 2019, while the rest of the keywords in this group have not exceeded 400 results
per year. Finally, in regard to the group M_OPT (Figure 4g), the keyword “optimization”
drastically exceeds the keyword “maintenance optimization”. In 2019, “optimization”
exceeded 1400 results. Thus, it can be seen that the most significant keywords in the O&M
of wind energy research are: “costs”, “optimization”, “algorithms” and “reliability”.
Overall, the most widely used keywords over the period of time from 2007 to 2019
are: “costs” (M_COST group, Figure 4a) and “optimization” (M_OPT group, Figure 4b),
with more than 8000 results each (appearing in 21% of the papers). More of the most found
words are “algorithms” (C_M group, Figure 4c), with almost 7000 results (appears in 17% of
the papers), and “reliability” (RELI group, Figure 4d), which appears in 10% of the papers.
In contrast, the least found words in the database are: “failure of gearboxes” (FAIL group,
Figure 4e), which appears in 0.01% of the papers; “maintenance action” and “maintenance
free” (M_STRA group, Figure 4f), which appears in 0.05% of the papers.
Among the research articles indexed in Scopus related to the operation and mainte-
nance costs of wind energy from 2007 to 2019, only 12 keywords considered in this article
(Table 2) appear in more than 1% of the results obtained. Only four keywords (“costs”,
“optimization”, “algorithms” and “reliability”) mentioned above appear in more than 10%
of the articles in Scopus. The rest of the keywords searched for (20 keywords) do not appear
in even 1% of the results obtained.
In the case of the most widely used keywords between 2007 and 2019, it is worth noting
the high level of interest recently (2017–2019) in the following words: “costs” (M_COST group,
Figure 4a), “optimization” (M_OPT group, Figure 4b), “algorithms” (C_M group, Figure 4c)
and “reliability” (RELI group, Figure 4d), increasing the results obtained by more than
200 and all of them reaching more than 500 results in the last consolidated year, 2019.
Special mention should be made of the keyword “failure” (FAIL group, Figure 4e), which
reached 200 results in 2018 and exceeded 500 results in 2019.
These data show a clear upward trend in failure research, while interest in different
wind farm maintenance and operation techniques is declining. These trends may be due to
the fact that wind technology has reached technical maturity and, hence, research on its
operation and maintenance has lost interest. Meanwhile, as a result of this technical matu-
rity, research now focuses on the study of the different cases and models of failure of the
various equipment used in wind farms.
4.2. LCOE Wind Energy vs. Research on Wind Farm Maintenance
The O&M costs are a significant part of the LCOE of wind energy. O&M costs can
represent between 11% and 30% of the LCOE of a wind project [3,4]. To be able to compare
these LCOE and O&M cost values with the evolution of research in the maintenance of
wind farms, it is necessary to perform a multiple linear regression model. In such a model,
the regression function that relates the dependent variable (research articles, Y) to the
different independent variables (M_COST, M_OPT, C_M, RELI, FAIL, M_STRA and O&M)
obeys the following equation:
Y = β0MCOST + β1MOPT + β2CM + β3RELI + β4FAIL + β5MSTRA + β6O&M (1)
where β1, β2, . . . β6 represent the weight of each independent variable in the global value
of the dependent variable Y.
As the evolution of all independent variables is known, it is possible to use IBM SPSS
Statistics 25® software for information processing and the development of the multiple
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regression model. By knowing the evolution of all the variables, the multiple regression
model obtains a determination coefficient (R2)—which allows for knowing if the goodness
of the model’s fit is perfect, i.e., equal to 1. The equation for the evolution of maintenance
research on wind farms is as follows:
Y = 0.256MCOST + 0.251MOPT + 0.235CM + 0.145RELI + 0.094FAIL+0.018MSTRA + 0.015O&M (2)
According to the multiple linear regression model (Equation (2)) and as can already
be seen in Figure 3, the highest weight (β) is obtained by the keyword groups M_OPT
and M_COST, which shows that these are the groups that contribute the most research
on the maintenance of wind farms. In contrast, the groups of variables with the least
influence on research into wind farm maintenance are M_STRA and O&M. Despite the
fact that, in general, FAIL has usually been one of the less important keywords in research
work related to wind energy, it seems that the trend has been changing in recent years.
In this sense, in the case of the keyword “failure” (FAIL group, Figure 4e), the results
obtained have grown considerably, going from 200 results in 2018 to over 500 in 2019,
which is more than double the results obtained in one year. Taking 2007 as a reference year,
the results obtained for the keyword “failure” (FAIL group, Figure 4e) have increased more
than ten-fold with respect to 2019.
Three different periods can be observed in the evolution of wind farm maintenance
research between 2007 and 2019 (Figure 5):
• 1st Stage (growth): In 2007, the results obtained were less than 1000. Up to 2014,
research in the field grows year by year from 785 results in 2007 to more than 3500
papers in 2013. This stage of growth in research into O&M costs in wind farms is taking
place in parallel with the increase in wind projects around the world. At this stage,
the scientific and technical interest in the technology was at its highest.
• 2nd Stage (stagnation): After years of constant growth, research into the maintenance
of wind farms stagnates between 2014 and 2016. This period of stagnation in research
into O&M costs in wind farms was influenced by the global economic crisis which
began in 2007.
• 3rd Stage (growth): From 2016 onwards, research in the field increases again year
by year, from more than 4000 papers in 2016 to almost 6300 results in 2019. This new
phase of growth in O&M cost research is related to the growth of a social conscience in
favor of the sustainability of the planet and increasing concern about the consequences
of climate change.
With all these data, it is possible to reflect on the evolution of the LCOE and O&M and
compare them with the evolution of research on wind maintenance farms. As can be seen in
Figure 6, in the period 2007–2019, research into wind farm maintenance increased by 87%,
while the LCOE of wind projects decreased by 55%. Between 2007 and 2019, the LCOE of
wind projects declined from USD 0.082/kWh to USD 0.053/kWh [129]. In 2010, the LOCE
was USD 0.075/kWh. For the O&M costs (Figure 6), between 2007 and 2019, the O&M
costs of wind projects fell 30%, from USD 57/kW year to USD 44/kW year. In reference
countries for wind energy, such as Germany, Ireland, Sweden and the United States, in 2008,
the O&M costs of onshore wind projects ranged from USD 40/kW year (in the case of
Ireland) to USD 78/kW year (in the case of Sweden). In 2018, O&M costs of onshore wind
projects were around USD 40/kW year. In the case of offshore projects, between 2015
and 2018, the O&M costs declined from USD 118/kW year to USD 67/kW year [129,130].
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Comparing the evolution of the LCOE and O&M with the evolution of research into
the maintenance of wind farms, it can be seen that over the period 2007 to 2019, the LCOE
maintained a downward trend. This downward trend is due, as mentioned above, to the
fact that both annual production and total annual costs influence the determination of
the LCOE. Thus, annual production has increased year by year since 2008 (Table 1).
In the case of O&M costs, the evaluation is different depending on the stage consid-
ered. For example, in the first stage (growth) of research into the maintenance of wind
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farms (2007–2014) there has been a clear decrease. In the second stage (stagnation) of
the investigation, during the period 2014 to 2016, a stagnation of O&M costs is observed,
while due to the influence of the technology’s capacity to generate (Table 1), the LCOE
continues to decrease. Finally, in the third stage (growth), from 2016 to the present, there is
an increase in scientific production and stagnation in the decrease in O&M costs.
Bearing in mind that it is likely that the results obtained in the latest research have not
been reflected in the reality of the operation and maintenance of wind farms, it is possible
to predict that, in the coming years, there will be a decrease in both the LCOE, which is also
influenced by the progressive increase in the annual production of the technology (Table 1),
and the O&M costs, in a similar way to the trends observed in the first stage (growth).
In conclusion, the evolution of the investigation of the maintenance of wind farms
has influenced, in an inversely proportional way, the O&M cost. In other words, in the
periods in which scientific research in this field has increased, it has led to a reduction in
this very important factor in the LCOE. However, the increase in electricity production from
the technology (Table 1) has led to a constant decrease in the LCOE between 2007 and 2019,
without taking into account the evolution of research into wind farm maintenance.
Therefore, it is possible to predict that the increase in electricity production capacity of
wind technology over the next few years will lead to a progressive decrease in the LCOE,
regardless of the evolution of research on this technology. However, this positive evolution
in the research on the maintenance of this renewable technology will continue to influence
the decrease in the O&M cost.
5. Conclusions
Research into wind farm maintenance increased by 87% between 2007 and 2019, so the
Scopus database contains over 38,000 articles including wind energy as the main topic and
some of the keywords related to O&M costs. The trend in research into gearboxes and
transmission parts is towards increased reliability of both design conditions (reduction in
multiplication stages, advanced architectures) and the reliability level of each component.
Moreover, in terms of maintenance, research works focus on improving the reliability of
developing different techniques’ predictive maintenance, and the condition-monitoring
component is one of the most important techniques for achieving this objective.
In addition to the development of a condition-monitoring system at a reasonable cost,
research works should focus on improving the operability under fault conditions. This could
be achieved with redundant systems or other solutions prior to the design of wind turbines.
There is a trend towards a change in research on the operation and maintenance of
wind farms, as in recent years, scientific interest is increasing towards failure analysis,
while interest in the different techniques for the maintenance and operation of wind
farms is decreasing. Wind power technology may have reached technical maturity and,
as a result, research is now focusing on studying the different cases and models of failure
of the various equipment used in wind farms. In the period 2007–2018, the LCOE of
onshore wind projects decreased with an annual rate of around 3.6%, while in offshore
projects, it decreased with an annual rate close to 3.4%. In the case of O&M costs, in the
period 2007–2018, the O&M costs of onshore wind projects decreased with an annual rate
of 2.3%, while in the case of offshore projects, it decreased by 2.9%.
For the future, it is important to continue working on increasing the reliability of
onshore wind turbines and optimizing maintenance costs. As for offshore wind turbines, it
is crucial to limit the maximum faults, since the maintenance of these wind farms is more
complex both technically and logistically, especially if it is large-scale corrective mainte-
nance. Another important issue in terms of reducing maintenance costs and faults in the
wind turbines is the development of more advanced algorithms for predicting wind condi-
tions. Despite the estimated decline in research work in these fields, there is no doubt that
these issues continue to be a great challenge for the optimization of such installations with
a great impact on the environmental sustainability of the planet.
Appl. Sci. 2021, 11, 1386 21 of 26
Author Contributions: Conceptualization, Á.M.C. and J.A.O.; methodology, Á.M.C., D.V. and P.F.-A.;
validation, Á.M.C., J.A.O., D.V. and P.F.-A.; formal analysis, J.A.O., D.V. and P.F.-A.; data curation, D.V.
and P.F.-A.; Writing—original draft preparation, Á.M.C., J.A.O., D.V. and P.F.-A.; writing—review
and editing, J.A.O., D.V. and P.F.-A. All authors have read and agreed to the published version of
the manuscript.
Funding: This research was funded by the University of A Coruña (Spain) (Grant No. 64900).
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: Not applicable.
Conflicts of Interest: The authors declare no conflict of interest.
References
1. IEA. Global Energy Review. 2020. Available online: https://www.iea.org/reports/global-energy-review-2020/renewables
(accessed on 17 November 2020).
2. Obane, H. Forecasting photovoltaic and wind energy capital costs in Japan: A Bayesian approach. Energy Procedia 2019,
158, 3576–3582. [CrossRef]
3. Irena. Renewable Energy Technologies: Cost Analysis Series; Volume 1: Power Sector, Issue 5/5; International Renewable Energy
Agency: Abu Dhabi, UAE, 2012.
4. EWEA. The Economics of Wind Energy; European Wind Energy Association: Brussels, Belgium, 2009.
5. Steffen, B.; Beuse, M.; Tautorat, P.; Schmidt, T.S. Experience curves for operations and maintenance costs of renewable energy tech-
nologies. Joule 2020, 4, 359–375. [CrossRef]
6. El-Thalji, I.; Liyanage, J.P. On the operation and maintenance practices of wind power asset A status review and observations.
J. Qual. Mainten. Eng. 2012, 18, 232–266. [CrossRef]
7. Zhang, Z.; Ding, X.; Liu, M.; Zeng, J. Based on wavelet transform of fault diagnosis and analysis of wind generator transmis-
sion system. J. Basic Sci. Eng. 2011, 19 (Suppl. S1), 210–218.
8. Kusiak, A.; Li, W. The prediction and diagnosis of wind turbine faults. Renew. Energy 2011, 36, 16–23. [CrossRef]
9. Brandão, R.F.M.; Carvalho, J.A.B.; Barbosa, F.P.M. Condition monitoring of the wind turbine generator slip ring. In Proceedings
of the Universities Power Engineering Conference, London, UK, 4–7 September 2012.
10. Tamilselvan, P.; Wang, Y.; Wang, P. Optimization of wind turbines operation and maintenance using failure prognosis. In Proceed-
ings of the PHM 2012–2012 IEEE International Conference on Prognostics and Health Management: Enhancing Safety, Efficiency,
Availability, and Effectiveness of Systems through PHM Technology and Application, Conference Program, Denver, CO, USA,
18–21 June 2012.
11. Lau, B.C.P.; Ma, E.W.M.; Pecht, M. Review of offshore wind turbine failures and fault prognostic methods. In Proceedings of the
PHM 2012–2012 IEEE International Conference on Prognostics and Health Management: Enhancing Safety, Efficiency, Availability,
and Effectiveness of Systems Through PHM Technology and Application, Conference Program, Beijing, China, 23–25 May 2012.
12. Hofmann, M.A. Review of decision support models for offshore wind farms with an emphasis on operation and mainte-
nance strategies. Wind Energy 2011, 35, 1–16. [CrossRef]
13. Tracht, K.; Westerholt, J.; Schuh, P. Spare parts planning for offshore wind turbines subject to restrictive maintenance conditions.
Procedia Cirp. 2013, 563–568. [CrossRef]
14. Yang, W.; Court, R.; Jiang, J. Wind turbine condition monitoring by the approach of SCADA data analysis. Renew. Energy 2013,
53, 365–376. [CrossRef]
15. Aguilar, S.; Telles, G.R.; Medina, P.; Quaresma, B.; Cyrino, F.L.; Castro, R. Wind power generation: A review and a research agenda.
J. Clean Prod. 2019, 218, 850–870.
16. Brink, T.; Madsen, S.O.; Lutz, S. Perspectives on How Operation & Maintenance (O&M) Innovations Contribute to the Reduction of
Levelized Cost of Energy (LCOE) in Offshore Wind Parks; Danish Wind Industry Association: Copenhagen, Denmark, 2015.
17. Myrent, N.J.; Kusnick, J.F.; Adams, D.E.; Griffith, D.T. Pitch error and shear web disbond detection on wind turbine
blades for offshore structural health and prognostics management. In Proceedings of the Collection of Technical Papers—
AIAA/ASME/ASCE/AHS/ASC Structures, Structural Dynamics and Materials Conference, Boston, MA, USA, 8–11 April 2013.
18. Sainz, J.A.; Sebastián, M.A. Methodology for the maintenance centered on the reliability on facilities of low accessibility.
Procedia Eng. 2013, 63, 852–860. [CrossRef]
19. Fischer, K.; Besnard, F.; Bertling, L. Reliability-centered maintenance for wind turbines based on statistical analysis and practi-
cal experience. IEEE Trans. Energy Convers. 2012, 27, 184–195. [CrossRef]
20. Krishna, D.G. Preventive maintenance of wind turbines using Remote Instrument Monitoring System. In Proceedings of the 2012
IEEE 5th Power India Conference PICONF 2012, Murthal, India, 19–22 December 2012.
21. Faulstich, S.; Lyding, P.; Tavner, P.J. Effects of wind speed on wind turbine availability. In Proceedings of the European Wind
Energy Conference and Exhibition 2011 EWEC 2011, Brussels, Belgium, 14–17 March 2011; pp. 85–88.
Appl. Sci. 2021, 11, 1386 22 of 26
22. Li, H.Z.; Jing, T.; Zhang, H. Arena-based modeling of the maintenance operation for a wind farm. Appl. Mech. Mater. 2013,
401–403, 2205–2208. [CrossRef]
23. Godwin, J.L.; Matthews, P. Prognosis of wind turbine gearbox failures by utilising robust multivariate statistical techniques. In Pro-
ceedings of the PHM 2013—2013 IEEE International Conference on Prognostics and Health Management, Conference Proceedings,
Gaithersburg, MD, USA, 24–27 June 2013.
24. Li, D.; Feng, Y.; Liu, Z.; Chu, J.; Jin, Q. Reliability modeling and maintenance strategy optimization for wind power generation sets.
Power Syst. Technol. 2011, 35, 122–127.
25. Haddad, G.; Sandborn, P.A.; Pecht, M.G. An options approach for decision support of systems with prognostic capabilities.
IEEE Trans Reliab. 2012, 61, 872–883. [CrossRef]
26. Lu, D.; Qiao, W.; Gong, X.; Qu, L. Current-based fault detection for wind turbine systems via hilbert-huang transform. In Pro-
ceedings of the IEEE Power and Energy Society General Meeting, Vancouver, BC, Canada, 21–25 July 2013.
27. Hameed, Z.; Vatn, J.; Heggset, J. Challenges in the reliability and maintainability data collection for offshore wind turbines.
Renew. Energy 2011, 36, 2154–2165. [CrossRef]
28. Amirat, Y.; Choqueuse, V.; Benbouzid, M. EEMD-based wind turbine bearing failure detection using the generator stator current
homopolar component. Mech. Syst. Signal Proc. 2013, 41, 667–678. [CrossRef]
29. Bala, S.; Pan, J.; Das, D.; Apeldoorn, O.; Ebner, S. Lowering failure rates and improving serviceability in offshore wind conversion-
collection systems. In Proceedings of the PEMWA 2012—2012 IEEE Power Electronics and Machines in Wind Applications,
Denver, CO, USA, 16–18 July 2012.
30. Ho, T.C.Y.; Ran, L. A study on the electrical system arrangement for offshore wind turbines and factors influencing the voltage
level choice. In Proceedings of the—2012 3rd IEEE International Symposium on Power Electronics for Distributed Generation
Systems, PEDG 2012, Aalborg, Denmark, 25–28 June 2012; pp. 442–449.
31. Tavner, P.J.; Greenwood, D.M.; Whittle, M.W.G.; Gindele, R.; Faulstich, S.; Hahn, B. Study of weather and location effects on wind
turbine failure rates. Wind Energy 2013, 16, 175–187. [CrossRef]
32. Mesquita, R.F.; Beleza, J.A.; Maciel, F.P. Application of neural networks for failure detection on wind turbines. In Proceed-
ings of the 2011 IEEE PES Trondheim PowerTech: The Power of Technology for a Sustainable Society, POWERTECH 2011,
Trondheim, Norway, 19–23 June 2011.
33. Guo, P.; Infield, D.; Yang, X. Wind turbine gearbox condition monitoring using temperature trend analysis. IEEE Trans. Sustain. Energy
2012, 3, 124–133. [CrossRef]
34. Wang, H.; Pan, L. The research of the wind turbines reliability based on characteristics of wind energy. Adv. Mat. Res. 2013,
677, 278–281. [CrossRef]
35. Boroumandjazi, G.; Saidur, R.; Rismanchi, B.; Mekhilef, S. A review on the relation between the energy and exergy efficiency
analysis and the technical characteristic of the renewable energy systems. Renew. Sust. Energy Rev. 2012, 16, 3131–3135. [CrossRef]
36. Pinar, J.M.; García, F.P.; Tobias, A.; Papaelias, M. Wind turbine reliability analysis. Renew. Sust. Energy Rev. 2013, 23, 463–472.
[CrossRef]
37. Kaldellis, J.K.; Zafirakis, D. The influence of technical availability on the energy performance of wind farms: Overview of critical
factors and development of a proxy prediction model. J. Wind Eng. Ind. Aerodyn. 2013, 115, 65–81. [CrossRef]
38. Zhang, H.; Yin, Y.; Shen, H.; He, J.; Zhao, S. Generator maintenance scheduling of large-scale wind power integration considering
peak shaving. Dianli Xitong Zidonghua/Autom. Electr. Power Syst. 2012, 36, 25–30.
39. Gallo, G.; Ponta, L.; Cincotti, S. Profit-based O&M strategies for wind power plants. In Proceedings of the 9th International
Conference on the European Energy Market EEM 12, Florence, Italy, 10–12 May 2012.
40. Basirat, P.; Fazlollahtabar, H.; Mahdavi, I. System dynamics meta-modelling for reliability considerations in maintenance.
Int. J. Process Manag. Benchmark. 2013, 3, 136–153. [CrossRef]
41. Umashankar, S.; Kothari, D.P.; Vijayakumar, D.; Vasudevan, M.; Chillapalli, B. Cost effective fully fed wind turbine HTS generator:
An alternative to existing generators in offshore wind farms. In Proceedings of the India International Conference on Power
Electronics IICPE 2010, New Delhi, India, 28–30 January 2011.
42. Deng, M.N.; Yu, Y.H.; Chen, L.; Zhao, H.S. Optimal maintenance interval for wind turbine gearbox. Appl. Mech. Mater. 2011,
130–134, 112–118. [CrossRef]
43. Kostandyan, E.E.; Sørensen, J.D. Reliability assessment of offshore wind turbines considering faults of electrical/mechanical com-
ponents. In Proceedings of the International Offshore and Polar Engineering Conference, Anchorage, Alaska, 30 June–5 July 2013;
p. 402.
44. De Prada, M.; Gomis-Bellmunt, O.; Sumper, A.; Bergas-Jané, J. Power generation efficiency analysis of offshore wind farms
connected to a SLPC (single large power converter) operated with variable frequencies considering wake effects. Energy 2012,
37, 455–468. [CrossRef]
45. Putter, H.T.; Gotz, D.; Petzold, F.; Oetjen, H. The evolution of VLF testing technologies over the past two decades. In Proceedings
of the IEEE Power Engineering Society Transmission and Distribution Conference, Orlando, FL, USA, 7–10 May 2012.
46. Qiu, Y.; Feng, Y.; Tavner, P.; Richardson, P.; Erdos, G.; Chen, B. Wind turbine SCADA alarm analysis for improving reliability.
Wind Energy 2012, 15, 951–966. [CrossRef]
47. Qiao, Y.; Lu, Z.; Xu, F.; Wang, X.; Hou, Y.; Zhu, C. Study on the integrated monitoring & control platform of wind farms.
Dianli Xitong Baohu yu Kongzhi/Power Syst. Prot. Control 2011, 39, 117–123.
Appl. Sci. 2021, 11, 1386 23 of 26
48. Hockley, C.J. Wind turbine maintenance and topical research questions. Procedia Cirp. 2013, 11, 284–286. [CrossRef]
49. Entezami, M.; Hillmansen, S.; Weston, P.; Papaelias, M. Fault detection and diagnosis within a wind turbine mechanical braking
system using condition monitoring. Renew. Energy 2012, 47, 175–182. [CrossRef]
50. El-Thalji, I.; Liyanage, J.P.; Hjøllo, M. Scalable and customer-oriented life cycle costing model: A case study of an innovative
vertical axis wind turbine concept (case-vawt). In Proceedings of the International Offshore and Polar Engineering Conference,
Rhodes, Greece, 17 June 2012; pp. 423–425.
51. Möllerström, E.; Gipe, P.; Beurskens, J.; Ottermo, F. A historical review of vertical axis wind turbines rated 100 kW and above.
Renew. Sust. Energy Rev. 2019, 105, 1–13. [CrossRef]
52. Mesquita, R.F.; Beleza, J.A.; Maciel, F.P. Forecast of faults in a wind turbine gearbox. In Proceedings of the 9th International Con-
ference, ELEKTRO 2012, Rajeck Teplice, Slovakia, 21–22 May 2012; pp. 170–173.
53. Wilson, G.; McMillan, D.; Ault, G. Modelling the effects of the environment on wind turbine failure modes using neural networks.
In Proceedings of the International Conference on Sustainable Power Generation and Supply, SUPERGEN 2012, Hangzhou, China,
8–9 September 2012.
54. Haddad, G.; Sandborn, P.; Pecht, M. A real options optimization model to meet availability requirements for offshore wind tur-
bines. In Proceedings of the Technical Program for MFPT: The Applied Systems Health Management Conference 2011: Enabling
Sustainable Systems, Virginia Beach, VA, USA, 10–12 May 2011.
55. Bharadwaj, U.R.; Silberschmidt, V.V.; Wintle, J.B. A risk based approach to asset integrity management. J. Qual. Mainten. Eng.
2012, 18, 417–431. [CrossRef]
56. Nielsen, J.J.; Sørensen, J.D. Challenges for risk-based maintenance planning for offshore wind turbines. In Proceedings of the
International Offshore and Polar Engineering Conference, Maui, HI, USA, 19 June 2011; pp. 451–457.
57. Poncela, M.; Poncela, P.; Perán, J.R. Automatic tuning of kalman filters by maximum likelihood methods for wind energy fore-
casting. Appl. Energy 2013, 108, 349–362. [CrossRef]
58. Van Horenbeek, A.; Van Ostaeyen, J.; Duflou, J.R.; Pintelon, L. Quantifying the added value of an imperfectly performing
condition monitoring system—Application to a wind turbine gearbox. Reliab. Eng. Syst. Saf. 2013, 111, 45–57. [CrossRef]
59. García, F.P.; Tobias, A.M.; Pinar, J.M.; Papaelias, M. Condition monitoring of wind turbines: Techniques and methods.
Renew. Energy 2012, 46, 169–178. [CrossRef]
60. Kim, B.; Park, J.; Lee, J.; Oh, K.; Lee, J. Design and application of condition monitoring system for wind turbines. In Proceedings
of the International Conference on Control, Automation and Systems, Gyeonggi-do, Korea, 26–29 October 2011; pp. 392–394.
61. Byon, E.; Pérez, E.; Ding, Y.; Ntaimo, L. Simulation of wind farm operations and maintenance using discrete event system specifi-
cation. Simulation 2011, 87, 1093–1117. [CrossRef]
62. Cibulka, J.; Ebbesen, M.K.; Hovland, G.; Robbersmyr, K.G.; Hansen, M.R. A review on approaches for condition based mainte-
nance in applications with induction machines located offshore. Int. J. Model. Identif. Control 2012, 33, 69–86. [CrossRef]
63. Pican, E.; Omerdic, E.; Toal, D.; Leahy, M. Direct interconnection of offshore electricity generators. Energy 2011, 36, 1543–1553.
[CrossRef]
64. Khattara, A.; Becherif, M.; Ayad, M.Y.; Bahri, M.; Aboubou, A. Optimal number of DFIG wind turbines in farm using pareto
genetic algorithm to minimize cost and turbines fault effect. In Proceedings of the IECON 2013—39th Annual Conference of the
IEEE Industrial Electronics Society, Vienna, Austria, 10–13 November 2013.
65. Barberá, L.; Guerrero, A.; Crespo, A.; González-Prida, V.; Guillén, A.; Gómez, J.; Sola, A. State of the art of maintenance applied to
wind turbines. Chem. Eng. Trans. 2013, 33, 931–936.
66. Moon, D.; Kim, S.; Kim, S. A fault detection system for wind power generator based on intelligent clustering method. J. Inst.
Control Robot. Syst. 2013, 19, 27–33. [CrossRef]
67. Kusiak, A.; Verma, A. A data-mining approach to monitoring wind turbines. IEEE Trans. Sustain. Energy 2012, 3, 150–157.
[CrossRef]
68. Byon, E. Wind turbine operations and maintenance: A tractable approximation of dynamic decision making. Iie Trans. 2013,
45, 1188–1201. [CrossRef]
69. Sheng, S.; Veers, P. Wind turbine drivetrain condition monitoring—An overview. In Proceedings of the Technical Program for
MFPT: The Applied Systems Health Management Conference 2011: Enabling Sustainable Systems, Virginia Beach, VA, USA,
10–12 May 2011.
70. Hamilton, A.; Quail, F. Detailed state of the art review for the different online/inline oil analysis techniques in context of wind
turbine gearboxes. J. Tribol. 2011, 133, 044001. [CrossRef]
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